With the deterioration caused by environmental pollution, studies on the low-carbon economy have received more attention. As far as we know, electricity production accounts for a large portion of total carbon emissions. Therefore, based on panel data from 2005 to 2014, we used the non-radial directional distance function model based on the data envelope analysis (DEA) to evaluate the static electricity product efficiency of various provinces in China. Further, the global Malmquist index was introduced to analyze the main factors. The relationship between the environmental policy stringency and the regional power production efficiency was also investigated. Static results show that China's regional power production efficiency has a significant difference between coastal developed and inland areas. Dynamic evaluation further proved that the difference is mainly due to technological change. Finally, regression results show that technological change is the only factor directly affecting regional environmental policy stringency.
Introduction
Since the beginning of the 21st century, China has experienced industrialization and expansion of high-energy-consuming industries, and energy consumption has increased year by year. According to the National Bureau of Statistics of China, the proportion of China's total energy consumption to global energy consumption has risen to 23%. As of the end of 2014, China accounted for 61% of net energy consumption growth [1] . The rapid growth of energy consumption has brought tremendous pressure on China's energy supply and has had a profound impact on China's sustainable development. Due to the influence and constraints of social productivity, geographical environment, and technological factors, China has the ambition to transform its existing energy structure into renewable energy. However, only solar energy, wind energy, and hydropower are available for recycling development and utilization, which accounts for a relatively low proportion. According to the National Bureau of Statistics of China, clean energy consumption, such as natural gas, hydropower, nuclear power, and wind power, accounted for 20.8% of total energy consumption, an increase of 1.3% compared with 2016 [2] . At the same time, coal power generation still accounts for about 70% of China's main supply. In this case, thermal power generation will continue to play an important role in national power generation. [3] .
Under the current energy consumption structure, the power industry wastes a great deal of energy. In addition, emissions of various solid or gaseous contaminants (e.g., CO 2 ) can also damage the environment. At the same time, the Chinese government hopes to improve the production efficiency of the thermal power industry and issue regional environmental regulations in the hope of achieving sustainable development. However, whether the production efficiency of China's thermal power industry is improving and how such efficiency changes affect regional environmental supervision still have many problems. This paper studies the production efficiency of thermal power systems in 30 provinces of China from a static and dynamic perspective. In addition, based on the global Malmquist index and its decomposition of efficiency assessment, the relationship between the production efficiency of thermal power systems and China's environmental policy stringency is analyzed. On the basis of the research results, the conclusions and policy recommendations for further improving the production efficiency of China's thermal power industry are put forward.
Literature Review
In the field of energy efficiency study, sustainable development is always the dominant theme. In many studies, it is mentioned that addressing the energy shortages humanity is facing today requires potential long-term action for sustainable development. Renewable energy seems to be one of the most significant solutions to energy shortages. Various studies have discussed how to use hybrid renewable energy systems for improving energy efficiency and reducing CO 2 emissions [4] [5] [6] [7] [8] .
Also, an empirical study by Lund et al. (2007) examined the perspective of renewable energy in the formulation of sustainable development strategy. Based on the case of Denmark, the potential problems and prospects of renewable energy system were also discussed [9] . Kaygusuz (2014) discussed the issues related to sustainable development and evaluated the potential for renewables in Turkey. The current status of energy, and the technical and economic potential of renewable energy sources in Turkey, were also reviewed in his study [10] . The status quo of energy resources in China urgently requires us to take the road of energy sustainable development. Jiang et al. (2010) reported that the emissions from China's economy and energy industry development has to be reduced significantly as long as the long-term goal of 50% mitigation of the greenhouse gas before 2050 was set. To promote China's economic growth and energy security, a low-carbon economy should be adopted [11] .
Meanwhile, Zhang (2010) discussed China's policies on promoting the use of clean coal technologies and nuclear power. From the perspective of China, some recommendations were provided that China cannot continue to on the traditional path of encouraging economic growth at the expense of the environment and China needs to transform the economy to adequately address concerns about a range of environmental issues [12] . Hou et al. (2011) pointed out that utilization of potential for energy savings is necessary for alleviating energy shortages, protecting the environment, and achieving sustainable economic and social development. China's energy-saving opportunities were comprehensively evaluated, and the primary challenges and deficiencies in China's energy savings policies were systematically analyzed [13] . Zhang et al. stated that the Chinese government needs to promote energy efficiency and use renewable technologies to accomplish its social and economic development goals [14] .
Since the concept of energy efficiency was put forward and popularized, evaluating the effectiveness of the energy industry and further guiding sustainable development has been a crucial issue for economically sustainable development. Also, many scholars have not only given a series of definitions but also carried out case studies in many countries. Martin et al. (1994) first defined energy efficiency as the amount of human activity provided by each unit of energy in the power industry [15] . Bagdadioglu et al. (1996) used a non-parametric methodology to create a benchmark measure for the performance of Turkish electricity power industries [16] . Pollitt (1998) examined the productive efficiency of 78 public nuclear power plants and privately owned nuclear power plants in the U.K. [17] . Nagesha (2008) analyzed energy consumption and associated issues in the textile dyeing cluster of Tirupur in the Indian state of Tamil Nadu and estimated the Cobb-Douglas production function to establish the importance of energy among the inputs [18] . Cui and Li (2015) built an evaluation index system and calculated the energy efficiency improving capacities of 15 countries from 2001 to 2010 using a combined weight multilayer evaluation model. Also, they constructed the evolution equation for an energy efficiency improvement driving force to analyze the changing trend of energy efficiency improving capacity based on the case of 15 countries [19] .
In addition to the research mentioned above, there are also some scholars who have carried out their studies from the perspective of carbon emissions. Mielnik and Goldemberg (1999) proposed the carbon index, defined as the carbon emissions per unit of energy consumption [20] . The concept of energy consumption intensity and emissions per unit of gross domestic product (GDP) per capita was also proposed [21] . Soytas et al. (2007) investigated the effect of energy consumption and output on carbon emissions in the United States [22] . The power industry is a significant source of carbon emissions in China, and researchers have devoted considerable attention to researching these emissions. For example, Yuan et al. (2006) examined the causal relationship between electricity consumption and GDP in China for the period 1978-2004 based on the cointegration theory [23] .
Meanwhile, Soytas et al. (2007) investigated the effect of energy consumption and output on carbon emissions in the United States [24] . Moreover, Zeng et al. (2010) discussed the adjustable carbon emissions allocation mechanism in the context of the electricity market [25] . Zhao et al. (2013) studied the significant factors influencing CO 2 emissions from China's power industry using an autoregressive distributed lag model and found that the installed capacity of power plants had the most considerable influence on CO 2 emissions [26] . At the same time, three elements for constructing a carbon emission trading market system for the power industry were proposed in Chu and Zeng's study (2010) [27] . Yang and Lin (2016) reported that electricity intensity and economic activity were the primary drivers of increasing emissions from China's power industry [28] . Yan et al. (2017) investigated the carbon emission efficiency of China's power industry and found that regional differences and agglomeration effects occurred simultaneously [29] .
In the field of energy industry efficiency evaluation and development sustainability evaluation, many researchers have proposed a variety of energy efficiency evaluation methods and have accurately measured energy efficiency performance over the past few decades. Li and Tao (2017) stated that energy efficiency of energy-intensive industries is vital for the social sustainability, economic efficiency, and environmental protection of any country. Four main evaluation methodologies of energy efficiency in industries were concluded, and the utilization of the methods in energy efficiency evaluations was illustrated, based on which related policies and suggestions were provided [30] . With respect to research methods for estimating the sustainability of industrial development, domestic and foreign scholars have carried out relevant research in recent years and proposed many methods (e.g., the analytic hierarchy process (AHP) approach [31, 32] , the principal component analysis (PCA) approach [33, 34] , or the distance function approach [35] ). Methods based on multi-index analysis were applied in many studies, which include a variety of representative indicators. Xie and Wang (2015) proposed that AHP and PCA are not suitable for this task because the value of weights in AHP is determined using subjective scoring, and the dimension reduction in PCA is accompanied by information compression [36] .
Among the energy efficiency evaluation methods mentioned above, there are a growing number of studies that have adopted the directional distance function (one of the distance function approaches) in China most recently. The directional distance function (DDF) was first proposed by Chung (1997) [37] . In many studies, the radial directional distance function (DDF) approach was employed to estimate the efficiency of industrial development. However, the drawback of the radial DDF approach is that it aims to expand the goods outputs and contract the bad outputs at the same rate, which is inconsistent with the actual production process. Besides, the estimation using the radial DDF approach is based on contemporaneous benchmark technology, and the techniques over the years are different, in which case the estimation results cannot be compared over time. Thus, a non-radial directional distance function (NDDF) approach has been applied in many studies in recent years. Zhou and Wang (2012) proposed a non-radial directional distance function approach to model energy and CO 2 emission performance in electricity generation from the perspective of production efficiency and several indexes were developed to measure energy and CO 2 emission performance of electricity generation [38] . Wang et al. (2013) employed a non-radial directional distance function approach to empirically investigate energy efficiency and energy productivity by including CO 2 emissions as an undesirable output [39] . Wang et al. (2016) employed the non-radial directional distance function approach to evaluating the carbon emission efficiency and reduced cost in 30 provinces of mainland China from 1996 to 2012 [40] . Wang and Xie (2017) employed a non-radial directional distance function approach to measuring the performance of green industrial development [41] . Liang and Long (2017) extended a non-radial directional distance function (DDF), based on the regional industrial unified efficiency (operational efficiency and environmental efficiency) in China between 2005 and 2014. The results of the study indicated that a non-radial DDF under natural and managerial disposability has a higher discriminating power than a non-radial DDF under either of the disposability and the radial DDF [35] .
According to the preceding, there is not much research on the productivity and efficiency of the electric power industry in China. For the energy industry, most of the investigation remains focused on a single consideration of energy efficiency or environmental efficiency. These studies rarely focus on the comprehensive assessment of sustainable development considering both economic and ecological impacts, along with a lack of discussion regarding the relation between the power industry efficiency and regional environment regulation policies, especially in the thermal power industry.
Research Methods and Data Description

Calculation of Electricity Carbon Emissions
Like many countries, China's power system includes thermal power, hydropower, wind power, and nuclear power. The latter three are considered clean energy and do not generate carbon emissions. Therefore, the carbon emission data in this paper mainly relates to the energy consumption generated by the thermal power system. Hence for both the static and dynamic data envelope analysis (DEA) in paper, we choose stander coal consumption, province thermal power installed capacity, and electricity industry employment in each province as input variables, selected province level thermal power production quantity as a desirable output, and carbon emissions by the provinces' thermal power industry as an undesirable output to calculate the power system productivity efficiency for different provinces. The data are collected from the China Electric Power Yearbook [42] and China Energy Statistical Yearbook [1] . The carbon emissions were equal to the amount of conventional coal consumed by coal-fired power generation multiplied by the corresponding carbon emission coefficient. The reason for choosing regional data for analysis is because China's regional (provincial) government usually has discretionary power over deciding its regional power industry plan with the provincial level power industry (e.g., state grid). Although China's major power companies are nationally owned companies, when it comes to specific projects, it is usually for the provincial governments and national power company's provincial subsidiaries to decide the details such as the technical standard for local power projects.
Non-Radial Directional Distance Function Model
Traditional Directional Distance Function
In the field of efficiency evaluation, the directional distance function is one of the most representative frontier models in the world. The directional distance function (DDF) is a model derived from the DEA model. The basic idea of the directional distance function used in this paper is to reduce the input or undesired output by setting a direction vector to simultaneously expand the desired output.
We assume that a production process uses N input vectors x = (x 1 , x 2 , . . . , x n ) ∈ R + N to produce M desirable outputs y = (y 1 , y 2 , . . . , y m ) ∈ R + M . The production possibility set T(x) can be expressed as follows:
The production possibility set T(x) has three characteristics, namely closed, bounded, and convex. In addition, the production possibility set T(x) is assumed to satisfy the following assumptions:
(1) Input and output are disposed of at will. For example: if (x, y) ∈ T and (x , −y )
The nature of inputs and outputs at the zero point is also possible without production, that is (0, 0) ∈ T.
Based on the shortage function of Luenberger (1992) [43], this method can increase the output on the path specified by the direction vector used in the research and reduce the input, that is, the directivity distance function. The definition is as follows:
where g = −g x , g y is the direction vector that represents the maximum expansion of the output in the g x direction and the maximum reduction of the input in the g y direction. In addition, the traditional radial DDF approach assumes that the solution of the linear program reduces the inputs (or undesirable outputs) and expands the outputs at the same rate, denoted as β in Equation (2). β * = maxβ is the maximum ability to achieve the desired output expansion and the undesired output reduction. This model takes both expected and undesired outcomes into account. However, specific calculations and analyses cannot be performed alone. Therefore, the concept of a directional distance function is introduced in this paper. A directional distance function combines a desired output with an undesired output. As shown in Figure 1 , point A is the production point of the actual decision-making unit, while g = −g x , g y is the direction vector, where g y and g x are the expansion of the output along the positive direction and the expansion of the input along the negative direction, namely the reduction of the input, respectively. Point A moves along the direction of g to point B, that is, the closer to the production frontier, the higher the production efficiency we get at this point. Therefore, we can use β to represent the ineffective part of input and output, The bigger β is, the lower the efficiency of the input and output is. If β = 0, then the production efficiency has been achieved. According to this definition, we can use 1 − β to express the total factor productivity. 
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This indicates that in the production possibility set, the value of the directional distance function is non-negative, and when (x, y) is on the production frontier, the value is equal to zero. , y, g ). This indicates that the value of the directional distance function will not increase if the output increases under the given input. , y, g ). This indicates that the value of the directional distance function will not decrease when the input increases under the given output.
In addition, the directional distance output function has the following conversion characteristics as shown in the following Equation (3):
It is obvious that the output y expands α · g y , and x reduces α · g x , which is equivalent to the value of the directional distance output function minus α.
The calculation of the optimal solution β can be solved using the non-parametric method data envelope analysis model. The solution for the mathematical programming is as follows:
where k is the decision-making unit, that is, there are k = 1, · · · , K decision-making units.
Non-Radial Directional Distance Function
The directional distance function assumes that the increase of output and the decrease of input are carried out in the same proportion according to a given direction, so it can be regarded as a radial efficiency evaluation method. From the point of view of an axiomatic method, the radial method of measuring efficiency is a popular method because it has some ideal mathematical characteristics. However, when there are non-zero slack variables, the efficiency values obtained using the radial method may be overestimated. Therefore, Zhouab et al. (2012) made a correction to the above model of the directional distance function. He stated that the above formula will overestimate the efficiency because the above method considers that the different inputs and outputs have equal impact on the total productivity by default. However, in fact, the impact of input and output factors is different for a company or industry [38] .
The definition of the non-radial direction distance function is as follows:
where w = w x , w y T refers to a standardized weight vector, which is related to the number of inputs and outputs. g = g x , g y represents a specifically set direction vector, which stipulates the direction of changes in input and output. β = β x , β y T is the proportion of changes in input reduction and output increase. The solution of the corresponding optimal solution is also the application of the data envelope analysis model, and its mathematical programming is expressed as follows:
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In order to better explain the difference between the non-radial distance function and the 259 traditional radial direction distance function, a simple schematic diagram is drawn, as shown in 260 Figure 2 . 261 In Figure 2 , for the point A, if the traditional directional distance function is used according to the direction g, then the reference point on the frontier is obtained as point B. If the non-radial direction distance function is used, the reference point obtained may be any point on the DEC section. It can be seen clearly that the non-radial direction distance function is more general and flexible than the traditional direction distance function in the efficiency evaluation.
Global Malmquist Index Analysis
The global Malmquist index model is a Malmquist index calculation method proposed by Pastor and Lovell (2005) [44] . Taking the sum of all periods as a reference set, that is, the standard reference set for each period is:
Since each period refers to the same frontier, the calculated result is also a single Malmquist index:
Although the next period refers to the same global frontier when calculating the Malmquist index, the calculation of efficiency changes still uses their respective leading edges:
The degree of the frontier t + 1 close to the global frontier can be represented using
. The larger the ratio is, the closer the frontier t + 1 is to the global frontier. The degree of the frontier t close to the worldwide frontier can be represented using
. The larger the ratio is, the closer the frontier t is to the global frontier. Compared with the frontier t, the variation of the frontier t + 1 can be represented using the ratio of two ratios:
The Malmquist index can be decomposed into efficiency changes and technological changes:
Since the evaluated "DMU (Decision-Making Unit)" is included in the global reference set, there is no feasible solution to the VRS (Variable Returns to Scale) model in the Global Malmquist index:
Empirical Analysis
Static Result in Power System Productivity Efficiency
Through empirical study, we first calculated the static productivity efficiency for each province based on non-radial directional distance function, which considered carbon emissions as an undesirable output. Table 1 presented the result from 2005 to 2014 and the average productivity efficiency for each province. Also, we separated the results according to high efficiency (average productivity over 0.95), middle efficiency (average productivity over 0.85), and low efficiency group (all the rest) through Figures 3-5 , to present the distribution of power system productivity efficiency in China. 
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Although the static results based on the non-radial directional distance function gave a general view of China's region power system efficiency, are such results robust throughout a dynamic process?
Dynamic Efficiency Measurement
The global Malmquist index is a dynamic measurement method that can more effectively reflect the change of the maximum possible relative position between each decision-making unit and production boundary (efficiency change) and the movement of production boundaries (technology change). Table 2 shows the global Malmquist index of productivity efficiency of Chinese power systems for the period from 2005 to 2014.
First, we analyzed the global Malmquist index of productivity efficiency of Chinese power systems in 30 provinces during the same period. In 2014, it was found that the global Malmquist index of productivity efficiency of power systems in China's economic developed provinces (Beijing, Tianjin, Jiangsu, Zhejiang, etc.) was generally high, while the t index of productivity efficiency of power systems in China's undeveloped provinces (Shanxi, Mongolia, Guangxi, Shaanxi, Xinjiang, etc.) was generally low. In Mongolia, for example, although Mongolia's efficiency change was high (up to 1), the global Malmquist index of productivity efficiency of power systems in Mongolia was still not high (only 0.624481). The reason is that the technical level in Mongolia is limited, resulting in low technological change (only 0.624481), which affected the global Malmquist index of productivity efficiency of power systems in Mongolia (only 0.624481). In contrast, the global Malmquist index of productivity efficiency of power systems was significantly higher due to the improvement of the technical level (technology change exceeding 1) in Gansu, Jiangxi, and Hebei.
From the perspective of efficiency change, in Guizhou, for example, the efficiency change was 1.002156, which shows that the efficiency of the thermal power system in Guizhou had dramatically improved. Meanwhile, compared with other provinces, due to the low improvement of the technical level (technology change was only 0.995762), the global Malmquist index of emission efficiency of power systems in Guizhou was significantly affected (only 0.997909). In contrast, due to high technology change and efficiency change, the global Malmquist index of emission efficiency of power systems in Yunnan and Guangdong was higher.
From the perspective of a different period in the same region, it was found that the improvement of production efficiency was mainly due to the development of the technical level. At the same time, to some extent, it was also affected by the efficiency improvement. In Yunnan, for example, although there were slight fluctuations, the global Malmquist index of productivity efficiency of power systems gradually rose from 2005 to 2014. In 2005, the Malmquist index was only 0.966891, but by 2014, it had reached 1.006. In this process, it is clear that the improvement of the global Malmquist index of emission efficiency of power systems resulted in the growth of efficiency change and technology change.
It can be concluded that the improvement of production efficiency was mainly due to the increase in technological change. Since 2005, China has paid more attention to environmental protection and has begun to improve the level of environmental protection technology and energy efficiency, which has brought about an improvement of the technical level. 
Impact via Production Efficiency of Regional Thermal Power Systems to Regional Ecological Regulation Intensity
The correlation analysis in this section is based on panel data from the provinces in the mainland of China, with a time span of 2005-2014. The description of variables is as follows:
Stringency is the environmental regulation index, used as the core explained variable. Regarding the choice of environmental regulation index, it is still controversial because it cannot be directly quantified. The two major types of algorithm are the ones based on the measurement of pollution control inputs [45] [46] [47] and the one based on the measurement of pollution emissions [48] . This study followed the first path, establishing its environmental regulation stringency index as follows:
Malm, EFF, and TECH are explained variables based on Section 4.2's analysis. Malm is the global Malmquist index, which can more effectively reflect efficiency change and technology change. EFF is an efficiency change that indicates the evolution of the maximum possible relative position. TECH is a technology change that reflects each decision-making unit and production boundary.
Three control variables (Pub, Industry, Unemp) are added in the robustness test to analyze the correlation between environmental regulation intensity and the production efficiency of regional thermal power systems in 30 provinces. Among them, Pub is the proportion of fiscal expenditure in GDP, which reflects the government's investment in power generation. Industry is the proportion of third industry GDP in total GDP, which reflects the industrial structure. Unemp is the unemployment rate, which reflects economic vitality. Table 3 gives the descriptive statistics for all data. Then, we made a maximum likelihood regression and utilized the fix effect model and the random effect model to make a regression on Malm, EFF, and TECH. In the specific operation, a stepwise regression method was adopted, and 300 data points were randomly selected from the provinces of the country as sample sizes.
Meterage regression results for Malm and EFF are shown in Tables 4 and 5 . From both tables, it can be seen that when the impact of the Malmquist index and efficiency change on environmental regulation was tested separately, the adverse effect was not significant through testing; that is, the Malmquist index or the efficency change cannot directly affect environmental regulation. Control variables-Pub, Industry, and Unemp-were added in turn to analyze the influence by both index (Malmquist Index and Efficency change index). It can be observed that fiscal expenditure and third industry GDP had a direct negative effect on both indexes. The decrease in fiscal spending and third industry GDP had a negative impact on both indexes. Meanwhile the increase in the unemployment rate had a negative effect on both indexes.
It is shown in Table 6 that technology change had a significant adverse effect on stringency through hypothesis testing; that is, technology change directly affected environmental regulation. Control variables-Pub, Industry, and Unemp-were added in turn to examine the correlation between fiscal expenditure, third industry GDP, unemployment rate, and technology change. The results show that the decrease in fiscal expenditure and third industry GDP had a negative effect on technology change. While the increase in the unemployment rate had a negative effect on technology change. By analyzing the results of meterage regression, it can be concluded that the technology change of production efficiency for China's regional thermal power systems was the only factor that could directly decrease China's regional environment stringency. Also, all of the control variables we selected had a significant impact on technology change. Among them, fiscal expenditure and third industry GDP had a negative effect on technology change because the government's financial investment and third industrial spending effectively improved the level of technology, driving technological change. While the increase in the unemployment rate had a negative effect on technology change because the increase in unemployment reflected the lack of vitality in the economy, in which case, it was difficult to improve the technical level.
Conclusions and Recommendations
Using a non-radial directional distance function based on the DEA method, this study calculated the static electricity production efficiency of 30 Chinese provinces. Through the analysis of the global Malmquist index, the study further investigated the dynamic production efficiency of Chinese power systems. It was found that the main factor affecting the dynamic production efficiency was technological change. After the efficiency evaluation, an econometric analysis was conducted to investigate the relationship between environment stringency and the production efficiency of China's regional thermal power systems. Based on empirical study results, we offer the following suggestions for improving the efficiency of China's power system. First, as provinces that had relatively high power production efficiencies, Jiangsu, Zhejiang, Shanghai, Beijing, and Tianjin had a higher degree of economic development. These cities and provinces were all well-known as being part of the "coastal developed area" of China. These areas already had fully exploited their advantages regarding resources and thermal industry construction. As empirical results show, the production efficiency for the thermal industry in these places had already reached their frontier. Therefore, these regions should start to transform their energy consumption and economic development to the renewable energy-based path faster than other regions of China.
Second, for provinces such as Inner Mongolia and Shanxi, the most coal-rich areas in China, the local government should consider quickly helping the region get rid of the development path of resource dependence. Although empirical results from this study may show the efficiency of thermal power production technology far exceeding the national average, it should be noted that this efficiency change only occurred in the short observation interval. However, this technical efficiency improvement was only based on the technological transformation of these provinces in the relevant year. Although the engineering transformation had improved the local thermal power production efficiency, it also brought the fact that the undertaking transformation cannot be quickly depreciated in the short term. Hence, such areas should further push their production efficiency to the efficiency frontier and accelerate the pursuit of technical efficiency to reduce the local environmental burden. At the same time, this type of region also needs to actively explore the development path of the service industry and upgrade the local industrial structure to achieve sustainable development.
Third, for provinces that are nearby areas with high power production efficiencies (e.g., Anhui, Jiangxi, and Hebei), radiation effects brought about by developed neighboring regions should be actively utilized. These less efficient provinces should rely on the industrial structure transformation of the developed coastal areas and absorb their transforming industries. Based on the transfer of these industries, the thermal power utilization efficiency for less efficient provinces will be further improved to optimize the overall thermal power production efficiency in the province to achieve further development of the region.
Finally, the central government should further focus on policy adjustment at the national level. For example, China's central government should establish an effective multilateral exchange mechanism to promote the exchange of technology, expertise, and resources between regions with high power production efficiencies to surrounding regions, and throughout the country, to achieve sustainable development. Also, as technology has been demonstrated as the primary factor that can improve the power industries' production efficiency, the contribution of technological advancements leading to a transition to a low-carbon power sector in China should be further exploited. The power industry must continue to show technological progress, acquire expert foreign personnel, and decommission small thermal power units with high rates of energy consumption and pollution, while simultaneous investing in coal-fired units with high efficiency and low carbon emissions. At the same time, further consideration should be given by China. For example, the central government should distinguish the technical efficiency of energy production in different regions, use both incentive and regulation policies to improve the power production efficiency for all regions, so the country can finally reach a balanced and sustainable future development.
